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Abstract. Co-folding models have advanced rapidly, yet no single model consistently performs best across all
biomolecular complexes. This raises the question of whether independently trained co-folding models encode
complementary information that can be transferred across co-folding models. We introduce SoupFoLD, which
improves co-folding predictions by learning simple mappings between the representation spaces of co-folding
models. At inference time, SOUPFOLD transfers and incorporates representations from other co-folding models
to update the representation used for structure prediction. Importantly, this does not re-train the co-folding
models. We evaluate SOUPFOLD on protein-protein and protein-ligand prediction tasks of FoldBench using
AlphaFold3, Protenix, ESMFold2, and OpenDDE. By combining their representations, SOUPFOLD achieves
state-of-the-art performance on both protein-protein and protein-ligand structure prediction, showing that
independently trained co-folding models encode complementary information that can be effectively transferred
across models.
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Figure 1 Co-folding structure prediction on FoldBench. For each model, o shows the mean +1 s.d. of the success
rate across five samples, and ¢ shows the best-of-five result selected by confidence. For antibody-antigen, we use 20
predictions per target to reduce the high variance of ESMFold2 when reproducing the reported results. Our SoupFoLD
achieves the highest success rates.

1 Introduction

Co-folding models have advanced rapidly in recent years. Since AlphaFold3 (Abramson et al., 2024) extended
structure prediction from single proteins to general biomolecular complexes, several models have followed,
including Boltz (Passaro et al., 2025; Wohlwend et al., 2024), Chai (Chai Discovery et al., 2024), Protenix
(ByteDance AML Al4Science Team et al., 2025), OpenFold3 (The OpenFold3 Team, 2026), ESMFold2(Candido
et al., 2026), and OpenDDE (Aureka AT OpenDDE project, 2026). These models share a similar architecture:
a Pairformer-based trunk constructs pairwise representations of a complex, which are then used by a diffusion
module to generate its structure. They mainly differ in their training recipes including training data, objectives,
and hyperparameters.

Despite rapid progress, no single co-folding model consistently performs best across all prediction targets.
As illustrated in Figure 2, their relative performance varies across complexes. For example, ESMFold2
successfully predicts the left complex (TQPR A/B) but fails on the right (8Q6Q A/B), whereas other models
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Figure 2 Examples of SOuPFOLD on protein-protein prediction. At inference time, representations from multiple co-folding
models are transferred into the representation space of a base model, e.g., ESMFold2, using lightweight MLP-based
transfer networks. The transferred representations are then incorporated into the base representation before the base
model’s diffusion module generates the final structure. While individual co-folding models fail on either of the two
complexes, SOUPFOLD aggregates their representations and successfully predicts both.
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show the opposite behavior. This complementary behavior suggests that different models may capture different
structural patterns.

Here, we note that such differences may already be encoded in their internal representations. Since diffusion
modules generate structures conditioned on pairwise representations, complementary predictions may arise
from complementary information represented before structure generation. We thus ask whether transferring
this information across models could improve the prediction. That is,

Do co-folding models encode complementary information in their representations, and can
transferring this information improve another model?

This question is closely related to representation distillation, where a student is trained to match the
representation of a teacher (Ahn et al., 2019; Hinton et al., 2015). Recent work has applied this principle to
generative models, showing that aligning internal representations with pretrained models improves generation
for images (Yu et al., 2025) and protein structures (Kim et al., 2026). While prior work performs such transfer
during training, we apply the same principle at inference time between state-of-the-art co-folding models.
Contribution. We show that co-folding models can significantly improve performance using information
transferred from other independently trained co-folding models, even through a simple representation-level
approach. As illustrated in Figure 2, we propose SOUPFOLD, which transfers representations from teacher
co-folding models, such as AlphaFold3 and OpenDDE, into the representation space of another co-folding
model, such as ESMFold2. At inference time, SOUPFOLD uses these transferred representations to update
the base representation before structure generation. To our knowledge, this is the first work to combine
independently trained co-folding models in representation space without retraining the co-folding models
themselves.

We evaluate SOUPFOLD on FoldBench using four co-folding models: AlphaFold3, Protenix-v1l, ESMFold2,
and OpenDDE-preview. By combining their representations at inference time, SOUPFOLD achieves state-of-
the-art performance on protein-protein and protein-ligand structure prediction tasks in FoldBench. We further
show that SOUPFOLD can recover predictions for targets where all four considered co-folding models fail.

2 Results

We evaluate whether complementary information from multiple co-folding models can be exploited to improve
structure prediction. We consider four models with different architectures and training procedures: AlphaFold3
(Abramson et al., 2024), Protenix (ByteDance AML Al4Science Team et al., 2025), ESMFold2 (Candido et al.,
2026), and OpenDDE-preview (Aureka AT OpenDDE project, 2026). We evaluate whether representations
from the other models can improve each model in turn.



Table 1 Co-folding performance on FoldBench. Best-of-5 (confidence-selected) success rate; per-sample mean £ s.d.
in parentheses. Protein-protein (274 interfaces): DockQ > 0.23/0.49/0.80. Protein-ligand (517 interfaces, common
subset): LRMSD < 2A and IDDT-PLI > 0.8. All-Model-Best* is selected by maximum confidence over 20 samples
generated by four co-folding models.

Protein-Protein Protein-Ligand

Model Acceptable (> 0.23) Medium (> 0.49) High (> 0.80) Success
All-Model-Best* 75.91 70.07 44.89 63.85
AlphaFold3 74.09 (73.14 + 0.37) 67.52 (67.15 £0.23) 43.80 (43.07 +1.11) 61.85 (61.66 + 0.49)
Protenix 72.99 (72.92 + 0.71) 65.33 (65.91 £ 0.50) 42.34 (43.07 £ 0.83) 60.96 (60.85 + 0.31)
+SoupPFoOLD 75.91 (75.55 + 1.13) 70.07 (69.64 + 0.54) 44.53 (44.09 +£0.54) 63.44 (62.71 + 0.59)
OpenDDE 73.36 (73.72 + 0.46) 62.41 (62.92 £ 0.44) 42.34 (41.53+0.71) 55.38 (55.08 + 1.01)
+SouprFoLD 79.20 (77.66 + 1.04) 68.25 (67.66 £ 0.50) 44.53 (43.21 +1.23) 63.44 (64.29 £ 0.79)
ESMFold2 75.55 (73.21 £ 1.28) 69.71 (67.45 £ 0.74) 39.42 (37.66 £ 1.87) 63.46 (62.19 £ 0.96)
+SouprFoLD T7.37 (74.53 £ 0.84) 71.17 (69.42 +1.02) 46.35 (44.53 +1.22) 65.76 (63.98 +£0.71)

Benchmark. We mainly use protein-ligand and protein-protein complexes from FoldBench (Xu et al., 2026).
For protein-ligand complexes, we report the success rate under LRMSD < 2 A and IDDT-PLI > 0.8. For
protein-protein complexes, we report the fraction of interfaces meeting the acceptable, medium, and high-
quality thresholds of 0.23, 0.49, and 0.80, respectively. We evaluate 274 protein-protein interfaces and 517
protein-ligand interfaces that were successfully processed by all four models. We fix the recycling steps to 10
and use the default settings for all other configurations. We also consider antibody-antigen tasks in Section 5.

2.1 SoupFoLDp Improves Structure Prediction Using Complementary Representations from
Multiple Co-folding Models

We first ask whether representations from different co-folding models can be combined to improve structure
prediction. SOUPFOLD designates one model as the base model, e.g., ESMFold2, for structure generation
and treats the remaining co-folding models, e.g., AlphaFold3, Protenix, OpenDDE, as teachers. We learn
lightweight mappings between their pair representation spaces while keeping all co-folding models fixed. At
inference time, teacher representations are mapped into the base model’s space and incorporated with its
representation before structure generation.

Table 1 shows that SOUPFOLD improves structure prediction across all three base models, achieving
state-of-the-art performance as illustrated in Figure 1. For protein-protein complexes, SOUPFOLD consistently
improves predictions. The largest gain is observed with ESMFold2, with a 6.93 percentage-point improvement
at the high-quality threshold. SOUPFOLD also improves protein-ligand prediction across all base models,
with the largest gain for OpenDDE from 55.38 to 63.44. These results show that representations from other
co-folding models provide useful information for improving both protein-protein and protein-ligand structure
prediction. SOUPFOLD also outperforms best-confidence selection over all 20 individual model’s samples
(All-Model-Best), avoiding the cross-model confidence misalignment inherent to sample-level ensembling.

We evaluate how teacher representations change prediction quality across protein-protein interfaces. Among
the 274 protein-protein interfaces evaluated by DockQ, 41 move to a higher-quality category, 220 remain
unchanged, and 13 move to a lower-quality category. We illustrate examples in Figure 3. Thus, representation
transfer mostly preserves the original prediction while shifting more interfaces toward higher-quality categories
than lower-quality ones. This allows SOUPFOLD to recover base-model predictions without broadly disrupting
already successful predictions.

2.2 Standalone Performance Does Not Always Determine Representation Utility

We study whether the benefits of a model as a source of representations are determined by its structure predic-
tion performance. One might expect stronger co-folding models to always provide more useful representations.
We find that this is not necessarily the case.
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Figure 3 SoupPFoLD recovers predictions using teacher representations. Examples of protein-protein interfaces whose

prediction quality improves after representation transfer.
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Figure 4 SoupFoLbD succeeds even when all individual co-folding models fail. Examples of protein-protein interfaces for
which all individual models fail to produce an acceptable structure, while SOUPFOLD recovers acceptable predictions.

In Table 2, one can see that representations from mod- Table 2 Teacher ablation for SourFoLD based on
els with lower standalone performance can still improve ESMFold2. P, A, and O denote Protenix, AF3, and
stronger models. This distinction between prediction qual- OpenDDE, respectively.
ity and representation utility provides further evidence for
complementarity across co-folding models. A model can Teachers >0.80 >0.49 >0.23
encode structural patterns that are useful to another model P+A+O 4635 7117 7137
even when it does not reliably convert that information A+ P 4519 71.85 76.67
into an accurate final structure. Combining models at the A+O 4498 7048  76.01
representation level can therefore exploit information that P+O 4412  69.12  73.90

would be missed by comparing only their final predictions.

2.3 SoupPFoLD Recovers Predictions Where Individual Models Fail

More interestingly, we also find cases where all individual co-folding models fail, but SOUPFOLD successfully
predicts the structure. We qualitatively illustrate these cases in Figure 4. Here, the improvement cannot be
explained by transferring the representation of a teacher that already predicts the correct structure. Instead,
combining representations from multiple models can recover useful information that is not sufficient for



successful prediction in any individual model. These results provide stronger evidence that co-folding models
encode complementary information in their representations to output acceptable structure predictions.

3 Method

Given a set of co-folding models, we choose one model b as the base model, whose diffusion module produces
the final structure, and use the remaining models 7 as teachers transferring information. For each teacher
t € T, we learn a transfer network f;_.; from the teacher pair representation to the base pair representation
using mean-squared error. Each transfer network f;_,; is a two-layer MLP with a hidden dimension of 1024.
We present R? scores of each transfer network in Section A.1.

At inference time, we combine the representations by a weighted average in representation space. Each
teacher representation H(*) is mapped into the base model’s representation space through a teacher-to-base
map f;_p, and the teacher representations are averaged with the base representation:

CwpHO + 3wy iy (H®)
Wy =+ Zt Wi

where wy and w; are coefficients of the base model and each teacher. Then, the updated representation H is
passed to the diffusion module to predict the structure. In all experiments, we use w, = wy = 1.

4 Related Works

Co-folding Models. Modern co-folding models predict the joint structure of biomolecular complexes containing
proteins, nucleic acids, and small molecules. AlphaFold3 (Abramson et al., 2024) used a Pairformer trunk to
construct pairwise representations of the complex, followed by a diffusion module that generates its atomic
structure. This architecture has since been adopted by several open-weight co-folding models, including
Boltz (Passaro et al., 2025; Wohlwend et al., 2024), Chai (Chai Discovery et al., 2024), Protenix (ByteDance
AML AT4Science Team et al., 2025), OpenFold3 (The OpenFold3 Team, 2026), ESMFold2(Candido et al.,
2026), and OpenDDE (Aureka AT OpenDDE project, 2026).

Representations in Co-folding Models. Several studies have studied internal representations of co-folding
models. AlphaLink (Stahl et al., 2023) embeds crosslink-derived distance restraints and adds them to the
pair representation of AlphaFold2, showing that modifying this representation can guide structure prediction
toward conformations. More recently, Jang et al. (2026) repurpose representations from Boltz as atom-level
molecular representations and show that they transfer to downstream tasks. Suzuki and Amagasa (2026)
show that scaling the pair representations of AlphaFold3 changes their conformational sampling. In contrast
to prior works, we transfer representations across multiple models.

Representation Distillation and Ensembling. Representation distillation transfers information by aligning
intermediate representations between pre-trained teacher and student models (Ahn et al., 2019). Recent work
has applied this idea to generative models for images (Yu et al., 2025) and protein structures (Kim et al.,
2026). Beyond distillation, pretrained models can be combined by averaging their parameters, as in Model
Soups (Wortsman et al., 2022), or by mapping representations across models (Bansal et al., 2021).

5 Conclusion

We studied whether independently trained co-folding models encode complementary information in their
internal representations, and whether this information can be transferred across models to improve structure
prediction. We introduced SOUPFOLD, which combines pair representations from multiple co-folding models
at inference time. SOUPFOLD consistently improves structure prediction and can recover successful predictions
even for targets where the individual models fail.

Our results also suggest several directions for future work. First, while our study focuses on protein-
ligand and protein-protein complexes, SOUPFOLD may extend to other complex classes. As initial evidence,
Figure 1 shows that SOUPFOLD improves OpenDDE on 160 FoldBench antibody-antigen targets even with
representations from co-folding models that are achieved relatively lower performance on antibody-antigen
prediction (consistent with observations of Section 2.2). Second, SOUPFOLD currently combines teacher
information using a fixed weighting scheme. Using target-dependent teacher weights may better improve
the performance. Next, the transfer maps provide a simple way to align representations across models, but



more expressive mappings or representation distillation may further improve transfer. Finally, extending
representation transfer to other biomolecular models, such as protein or molecular foundation models (Hayes
et al., 2025; Kim et al., 2026; Méndez-Lucio et al., 2024), may provide additional information that is not
captured by co-folding training.
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A Additional Details
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Figure 5 R? scores of transfer networks.

A.1 Training Transfer Networks

We train a transfer network f;_,, for each directed pair of ESMFold2, AlphaFold3, Protenix, and OpenDDE.
Each map is a two-hidden-layer MLP of width 1024, applied independently to each pair entry. The corre-
sponding pair dimensions are 256, 128, 128, and 384. Pair representations are extracted after ten recycling
iterations and standardized per channel. Each map is trained with

£(fi) = B anen B 1o () = 255 -

Here, 27 € R denotes the pair representation of model m for token pair (i,j), and 2} = (2]} — p™)/0™
is its standardized form. As part of the inference procedure, we first fit the transfer networks on the pair
representations of the target complexes ((z*,z") € D) before structure generation. Because the models
use different tokenizations, we align pair entries using their token maps and retain only targets with exact
correspondence across all four models. We use random crops of 512 tokens for 20 epochs with AdamW, a
learning rate of 3 x 10™%, no weight decay, and gradient clipping at 1.0. The same procedure can be applied
to any collection of user-provided tasks. Figure 5 reports the R? of each directed mapping. An alternative
direction can be pretraing the transfer networks on a held-out complexes and reuse them for unseen targets,

removing the need to fit the mappings for each target set.
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